Although less sensitive than mass spectrometry (MS), nuclear magnetic resonance (NMR) spectroscopy provides a powerful complementary technique for the identification and quantitative analysis of plant metabolites either in vivo or in tissue extracts. In one approach, metabolite fingerprinting, multivariate analysis of unassigned 1 H NMR spectra is used to compare the overall metabolic composition of wild-type, mutant, and transgenic plant material, and to assess the impact of stress conditions on the plant metabolome. Metabolite fingerprinting by NMR is a fast, convenient, and effective tool for discriminating between groups of related samples and it identifies the most important regions of the spectrum for further analysis. In a second approach, metabolite profiling, the 1 H NMR spectra of tissue extracts are assigned, a process that typically identifies 20-40 metabolites in an unfractionated extract. These profiles may also be used to compare groups of samples, and significant differences in metabolite concentrations provide the basis for hypotheses on the underlying causes for the observed segregation of the groups. Both approaches generate a metabolic phenotype for a plant, based on a systemwide but incomplete analysis of the plant metabolome. However, a review of the literature suggests that the emphasis so far has been on the accumulation of analytical data and sample classification, and that the potential of 1 H NMR spectroscopy as a tool for probing the operation of metabolic networks, or as a functional genomics tool for identifying gene function, is largely untapped.
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Introduction
Metabolomics seeks to identify and quantify the complete set of metabolites in a cell or tissue type, and to do so as quickly as possible and without bias (Sumner et al., 2003; Weckwerth, 2003) . To achieve this objective, or at least to approach it, it is necessary to draw on a range of analytical methods. Mass spectrometry (MS) has established itself as the method of choice, but complementary information from other techniques, particularly nuclear magnetic resonance (NMR) spectroscopy is potentially useful in extending the coverage of the metabolome. In practice, most investigations of the plant metabolome tend to be based on either MS or NMR, with little attempt to exploit the synergy between them. In part this may reflect preferences arising from the analytical strengths of different research groups, as well as potential difficulties in reconciling and handling large datasets from two techniques based on unrelated physical principles, but it also reflects the usefulness of NMR and MS datasets in their own right. With the latter point in mind, it is useful to examine the practicality of using NMR as a source of data for plant metabolomic analysis and to review the emerging applications of NMR in metabolomics.
Until relatively recently the notion of developing experimental strategies for plant metabolomic analysis would have been greeted with some scepticism since there was little perceived need for such an unfocused approach. However, when the need arose for high-throughput, systemwide analyses of plant metabolism it was possible to harness existing MS and NMR methods that were already well-suited to generating the necessary data. These methods had been available for many years, and their scope for the analysis of complex mixtures was already well known, but these factors were not in themselves sufficient to trigger much interest in a metabolomic approach to plant analysis. It required a biological rationale to generate interest in system-wide metabolic analysis and this continues to be based on two considerations.
First, it has become clear that the complexity of the plant metabolic network is such that it is not yet possible to construct predictive models of metabolic performance that allow rational metabolic engineering of plant genomes (Sweetlove et al., 2003; Kruger and Ratcliffe, 2004) . The fundamental problem is a shortage of quantitative information on the components of the metabolic network, and the interactions between them, with the result that many of the subtleties that determine the robustness of the network are not yet captured by the available modelling approaches. The progress that is being made in developing in silico genome-scale models of bacterial metabolism may eventually offer a way out of this impasse (Reed and Palsson, 2003) , but an equally valid response is to increase the scale and scope of traditional metabolic analysis with the aim of defining more of the parameters that determine the properties of the network (Kruger and Ratcliffe, 2004) .
Second, it can be argued that the metabolome is a fundamentally important biochemical manifestation of the genome, that, in effect, it defines a metabolic phenotype and that system-wide metabolic analysis could be a useful tool for functional genomics (Fiehn et al., 2000; Fiehn, 2002) . Strategies for identifying the function of unknown genes on the basis of metabolomic data have been proposed (Raamsdonk et al., 2001; Allen et al., 2003) , and more generally there is considerable interest in using metabolic phenotypes as the basis for discriminating between plants of different genotypes, or between plants subjected to different treatments (Roessner et al., 2001 (Roessner et al., , 2002 . Whether a phenotype based on the metabolic composition of a cell or tissue is the most appropriate choice for functional genomic applications, or whether it would be more revealing from a functional perspective to use the fluxes between metabolites as the basis for defining a metabolic phenotype (Kruger et al., 2003) is a matter for debate (Ratcliffe and ShacharHill, 2005 ), but there is increasing evidence, for example from investigations of transgenic plants , that metabolomic analysis is a useful phenotyping tool. Moreover, the value of a metabolic phenotype, however defined, is greatly increased by the possibility of correlating the data with the system-wide analysis of gene expression and protein content (Urbanczyk-Wochniak et al., 2003) .
This review assesses the contribution that NMR is making to system-wide metabolite analysis in plants, providing a description of the analytical capabilities of NMR, the suitability of the method for metabolomic analysis, and a survey of the applications of the technique. At the outset it should be emphasized that NMR, as with all the other techniques that have been recruited for system-wide metabolite analysis, is restricted by sensitivity considerations to an analysis of the subset of the metabolome that exceeds a concentration threshold. Thus, within the definitions given elsewhere (Fiehn, 2002; Sumner et al., 2003) , NMR either generates a metabolite profile, in which the NMR signals are assigned to specific metabolites, or a metabolite fingerprint, in which the analysis is based on the distribution of intensity in the NMR spectrum rather than the assignment of the signals.
Metabolite detection by NMR
Any molecule containing one or more atoms with a nonzero magnetic moment is potentially detectable by NMR and, since the isotopes with non-zero magnetic moments include 1 P, all biologically important molecules have at least one NMR signal. These signals are characterized by their frequency (chemical shift), intensity, fine structure, and magnetic relaxation properties, all of which reflect the precise environment of the detected nucleus. Thus NMR spectra often contain a wealth of information about the identity of the molecules in the sample, and it is on this basis that NMR can be used to identify and quantify metabolites in samples of biological origin.
This simple conclusion masks the versatility of the NMR technique as a tool for metabolite analysis in at least three ways. First, NMR is non-destructive, and spectra can be recorded from cell suspensions, tissues, and even whole plants, as well as from extracts and purified metabolites (Ratcliffe, 1994; ). Second, NMR offers an array of detection schemes that can be tailored to the nature of the sample and the metabolic problem that is being addressed . Thus analysing the metabolite composition of a tissue extract, determining the structure of a novel metabolite, demonstrating the existence of a particular metabolic pathway in vivo, and localizing the distribution of a metabolite in a tissue are all possible by NMR. However, the nature of the NMR measurements that are required for these tasks, particularly in relation to the hardware requirements, the detection scheme, and the sensitivity of the analysis are very different . Third, the natural abundance of some of the biologically relevant magnetic isotopes is low and this allows these isotopes, particularly 2 H, 13 C, and 15 N, to be introduced into a metabolic system as labels prior to the NMR analysis. This has the effect of lowering the concentration threshold for the detection of these atoms, but more importantly it allows the exploration of metabolic pathways, leading to qualitative information on the links between labelled precursors and their products and quantitative information on metabolic fluxes (Bacher et al., 1999; Roberts, 2000; Kruger et al., 2003) .
The high-throughput, system-wide objective of metabolomics puts a premium on sensitivity and ubiquity; the aim is to detect as many metabolites as possible in the shortest possible time. For NMR, this means restricting the detection scheme to the most sensitive magnetic nuclei and avoiding the complications associated with in vivo detection by analysing tissue extracts. The most sensitive commonly occurring magnetic isotope is 1 H and this is inevitably the preferred nucleus for most metabolite fingerprinting and profiling applications of NMR (Fig. 1) . Other possibilities include 19 F, which has a comparable sensitivity to 1 H, and which can be used to profile plant tissues after treatment with fluorinated agrochemicals (Aubert and Pallett, 2000; Bailey et al., 2000a) ; 31 P, which can be used to profile the more abundant phosphate esters in tissue extracts; and 13 C, which can be used to profile amino acids, carbohydrates, lipids, and organic acids in extracts derived from labelled or unlabelled tissues. For 1 H NMR, the concentration threshold for routine detection of a metabolite in an extract using a modern high field spectrometer is probably 10 lM, corresponding to a quantity of 5 nmol in the typical sample volume of 500 ll. In practice, the achievable sensitivity is strongly dependent on the field strength of the magnet, and on the design of the probehead that allows the signals to be detected. NMR spectrometers are available with field strengths up to 21 Tesla, corresponding to a 1 H NMR frequency of 900 MHz, but most metabolic analysis is done on the more commonly available instruments that operate in the range 300-600 MHz. Since increasing field strength also increases spectral resolution, reducing the number of overlapping signals in the spectrum, it is the spectrometers at the upper end of this frequency range that are the most effective for metabolite profiling by 1 H NMR. Probehead design has a marked influence on the achievable sensitivity at a particular field strength, and there are two possibilities that extend the scope of 1 H NMR as a metabolite profiling technique. First, samples that are only available in very small quantities can be analysed in scaleddown probeheads ('microprobes'). Volumes as small as 50 ll can be analysed and the quality of the spectra is better than can be obtained from the same quantity of material diluted into the larger volume required for a conventional probehead. Second, the increasing availability of cryogenic probeheads, in which the sensitivity is increased by cooling the detection system, offers the prospect of a substantial improvement in the detection of signals that are at the limit of detection in conventional probeheads. Cryogenic probeheads are mainly used to record spectra from macromolecules, but they are also suitable for metabolic analysis and the first results with these probeheads confirm that they can deliver substantial gains in sensitivity for both extracts and in vivo applications (Exarchou et al., 2003; Hinse et al., 2003) .
Apart from sensitivity, the other crucial feature of any metabolomic technique is that it should be able to generate H NMR is again the obvious choice for system-wide metabolite analysis by NMR (Fig. 1) H, but these nuclei can only report on a very restricted subset of compounds. In the light of these considerations, it is unsurprising that 1 H NMR is the most commonly used NMR technique for metabolite profiling, but this raises the question of how the problems arising from the limited spectral dispersion can be circumvented, or at least minimized.
One option is to combine the NMR analysis with an inline chromatographic separation technique, so that the extract is effectively fractionated before recording a sequence of NMR spectra (Lindon and Nicholson, 1997; Exarchou et al., 2003) . This approach, which is analogous in its effect to the coupling of gas chromatography to MS, largely eliminates the overlap problem in the 1 H NMR spectrum, and indeed it is often combined with a parallel analysis by MS to create a powerful strategy for the analysis of pre-selected groups of metabolites. The extra information that can be teased out of the 1 H NMR spectrum in this way more than compensates for the extra time required for the analysis.
The second option is to take advantage of NMR detection schemes that increase spectral resolution by distributing the signals along two frequency axes (Fig. 2; Fan, 1996; . Manipulating the NMR signals to produce a two-dimensional spectrum takes longer than a simple one-dimensional experiment, and it requires a more complicated, although still routine, detection scheme. However, the increased information content of the spectrum, in particular, the increase in the number of detected signals that are diagnostic for a specific molecule, makes this an attractive option for the analysis of tissue extracts. These experiments exploit the interactions between the NMRdetectable isotopes in a molecule, and they result either in homonuclear correlation, where the two frequency axes of the spectrum correspond to the same nucleus, usually H NMR spectrum to be identified and assigned to particular compounds. Heteronuclear correlation experiments are also useful when the extract is derived from a tissue that has been labelled with 13 C or 15 N, and both types of twodimensional NMR experiment have been used successfully for the analysis of plant tissue extracts (Fan, 1996) .
Comparison of NMR and MS as metabolomic techniques
The next question to consider is the extent to which NMR measures up to the metabolomic ideal of a high-throughput, system-wide analytical technique and, in particular, to consider the advantages and disadvantages of NMR relative to the more commonly used MS approach. Sensitivity is perhaps the most important requirement for metabolomics, since high sensitivity favours the rapid analysis of a greater fraction of the metabolome. Here 1 H NMR, with a detection threshold of perhaps 5 nmol, is several orders of magnitude less sensitive than MS, which has a detection threshold of 10 ÿ12 mol (Sumner et al., 2003) . Moreover, with the exception of 19 F, the comparison becomes even less favourable for the NMR detection of most other nuclei. This difference in sensitivity translates into a more complete coverage of the metabolome with MS: 326 polar and lipophilic metabolites were detected, and 164 identified, in an analysis of Arabidopsis thaliana leaves based on a single phase separation (Fiehn et al., 2000) ; while more than 150 polar metabolites were detected, and 77 identified, in an extract of potato tuber tissue (Roessner et al., 2000) ; and over 70 metabolites were identified in a recent analysis of hexokinase overexpression in tomato plants (RoessnerTunali et al., 2003) . These figures comfortably exceed the 20 (Fan et al., 1988; Sobolev et al., 2003 ), 30 (Le Gall et al., 2004 ), or 40 (Le Gall et al., 2003 metabolites that have typically been identified in metabolite profiling studies of plant samples by 1 H NMR; and while the disparity with MS may diminish as the use of in-line chromatographic separation steps in NMR increases, the greater sensitivity of MS will ensure that MS will retain the advantage of being able to analyse smaller samples.
In fact, a simple calculation suggests that both NMR and MS should be capable of detecting signals from the whole metabolome, provided the extraction procedure is scaled correctly. Given that the Michaelis constants of most enzymes are in the range 1 lM to 10 mM, it is likely that 1 lM is the lower limit for the concentration of most intracellular metabolites. Assuming that a metabolite with this concentration is restricted to just 10% of the tissue volume, the tissue content would be 0.1 nmol g ÿ1 fresh weight. Thus the extraction of 50 g of tissue should permit the detection of the whole metabolome by 1 H NMR, and just 10 mg of tissue should be sufficient for MS. If it is further assumed that a typical cell might contain 5000 metabolites, then it appears that MS identifies considerably less than 5% of the metabolome, even though the whole metabolome is potentially detectable. This argument ignores any bias against particular classes of compound arising from the extraction method, but it serves to emphasize that sensitivity is not the only issue for metabolomic techniques, and that the difficulty of detecting minor components in the presence of much larger signals may be the most serious obstacle to a complete analysis.
The actual size of the metabolome for a plant cell is unknown, and the estimate of 5000 metabolites may be conservative (Trethewey, 2004) , so the number of metabolites identified by MS and NMR may be an even smaller fraction of the total than the calculation suggests. However, in considering the likely size of the metabolome, it may be useful to consider the solvation and osmotic implications of large numbers of metabolites present at concentrations that permit significant binding to typical enzymes. 10 000 H NMR signals in the two-dimensional TOCSY spectrum of a wheat (Triticum aestivum) exudate. The exudate was collected under conditions that enhanced the production of 29-deoxymugineic acid (DMA; structure top right). The normal one-dimensional 1 H NMR spectrum is shown in the projection at the top of the figure, and the TOCSY spectrum distributes the intensity in two dimensions in a way that reflects the structure of the detected metabolites. In this exanple the TOCSY spectrum links the hydrogen atoms in three isolated groups, revealing the expected correlations between H2, H3, and H4, between H19, H29, and H39, and between H1$, H2$, and H3$. The spectrum also contains signals from MES buffer (structure top left) apparently as a result of uptake and re-secretion. Adapted from Fan et al. (2001) with the permission of Elsevier Science.
soluble metabolites present at 1 lM would be equivalent to a total concentration of only 10 mM, which would have negligible implications for solvating power and water potential; whereas 10 000 metabolites at 100 lM, corresponding to the midpoint of the Michaelis constant range, would generate an implausibly high concentration of 1 M. This consideration suggests that a large fraction of the metabolome may be present at very low concentrations in pools that turn over slowly because of weak interactions with protein binding sites. The significance of an abundance of very low concentration metabolites may be difficult to assess (Nicholson and Wilson, 2003) and indeed many of them may merely reflect the haphazard way in which material flows through a metabolic network in which each metabolic conversion is the result of a chance encounter with a binding site that cannot guarantee an absolute outcome. However, in order to investigate the implications of this analysis, it becomes even more important to develop routine procedures for measuring the minor components of the metabolome.
Overlapping signals, and the dynamic range problem associated with a potential concentration range of some five orders of magnitude, limit the scope of both MS and NMR for metabolomic analysis. For example, minor signals in MS can be difficult to identify in the isotopomeric noise surrounding the mass ions of major components, and minor components can be obscured by the wings of major components as they leave the GC column. However, the precision and range of the mass measurements is an advantage in unravelling the mass spectrum, as is the routine use of GC to fractionate the extract. Similarly, the restricted chemical shift range in a one-dimensional 1 H NMR spectrum is a major hindrance to metabolite identification at even the highest magnetic fields, but the problem is alleviated by using two-dimensional NMR techniques or by fractionating the sample with LC.
There are several other factors that influence the suitability of MS and NMR as metabolomic techniques. Both methods require tissue extraction, but many classes of compound need derivatization before GC-MS, so preparing MS samples is more time-consuming and more likely to generate an unrepresentative sample. NMR also has a slight advantage for quantitative analysis, since the high stability of modern spectrometers makes this task straightforward, by contrast with MS where frequent calibration and variable retention times can complicate quantitative analysis. Both techniques usually generate multiple signals, which is an advantage for metabolite identification and a disadvantage in terms of spectral complexity. However, in MS, some of this multiplicity comes from the fragmentation of the mass ion, complicating quantitative analysis; whereas in NMR, multiple signals arise directly from the same molecule and thus provide a cross-check on metabolite quantitation.
Overall the comparison between MS and NMR shows a clear sensitivity advantage for MS and a better developed protocol for separating the contributions from the different components of complex mixtures. However, the ease with which NMR spectra can be recorded and quantified, plus the fact that even MS seems to be capable of identifying only a small fraction of the metabolome, indicates that metabolite analysis by NMR adds value to metabolomics through complementarity. Currently, MS is closer to the metabolomic ideal than NMR, but the fingerprinting and profiling investigations described in the following sections emphasize the important role that NMR can play in the system-wide analysis of plant metabolism.
Metabolite fingerprinting of plant tissues using NMR
Fingerprinting ignores the assignment problem presented by the multitude of signals in a high resolution 1 H NMR spectrum and, instead, uses multivariate analysis to compare sets of spectra and hence the samples from which the spectra were derived. The signals in these spectra have their origin in the metabolites present in biological samples used for the NMR analysis, but the identity of the metabolites is secondary to the task of establishing whether the spectra from a set of samples are similar or different. This pattern recognition approach to the analysis of NMR spectra was developed in the biomedical field (El-Deredy, 1997; Lindon et al., 2001) and, more recently, the approach has been adopted for the analysis of extracts and materials of plant origin (Defernez and Colquhoun, 2003) .
In outline, metabolite fingerprinting involves sorting datasets into categories so that conclusions can be drawn about the classification of individual samples. Typically, the starting point is a principal components analysis of the digitized spectrum and this in itself may be sufficient to divide the sample set into a number of categories. Subsequently, it may be informative to investigate the variables that are most important in discriminating between the samples and this leads back to the NMR signals and the metabolites that they represent (Fig. 3) . Thus the approach has the great merit of avoiding the often time-consuming process of signal assignment before it is necessary, and when that point is reached, attention is focused on those parts of the spectrum that are most relevant to the question being addressed. The approach also has the advantage that it is rapid, and that it is largely unbiased in detecting the metabolites that happen to be present in the sample, making NMR fingerprinting an attractive analytical technique for defining metabolic phenotypes.
Some of the early applications of NMR fingerprinting in plant analysis focused on food products, particularly fruit juices, with the aim of discriminating between juices derived from different varieties of the same fruit. For example, in a study of apple juices, it was shown that the 1 H NMR spectra could be used to distinguish between three types of apple with a success rate of up to 100% under favourable conditions (Belton et al., 1998) . This study was largely based on principal components analysis and inspection of the loadings identified sucrose and malate as the major, but not exclusive, basis for the classification. A similar approach was recently taken in a comparison of commercial feverfew preparations (Bailey et al., 2002) , and this study demonstrated the ease with which NMR, as a non-selective analytical technique, can pick out anomalous or unusual samples, as well as the power of multivariate data analysis for discriminating between sets of similar spectra.
In fact, the NMR fingerprinting principle illustrated by these investigations can be extended to many other types of comparison, and substantial investigations have been reported in several areas, including the impact of environmental factors, for example, fluctuating growth conditions (Lommen et al., 1998) , exposure to cadmium (Bailey et al., 2003) and herbicides (Ott et al., 2003) , as well as comparisons between ecotypes of Arabidopsis thaliana (Ward et al., 2003) and between wild-type and transgenic genotypes of tomato (Noteborn et al., 2000; Le Gall et al., 2003) and pea (Charlton et al., 2004) . Fingerprinting provided the basis for an informative classification of the samples in each of these applications and it is possible to draw several general conclusions about the approach from this work.
First, NMR fingerprinting has revealed substantial variability in the metabolic composition of plants grown under nominally the same conditions. For example, in an NMR analysis of tomato fruit it was found that up to 30% of the metabolites that contributed to the fingerprint varied significantly (Noteborn et al., 2000) and, in a study of the mode of action of herbicides using 5-10-d-old maize seedlings, several hours under altered conditions following a growth cabinet malfunction was sufficient to produce detectable effects on the fingerprint (Ott et al., 2003) . Similar observations have been made with MS (Fiehn et al., 2000; Sumner et al., 2003) and it is clear that growing conditions need to be tightly controlled if the sensitivity and precision of the analysis is not to be swamped by factors that are extraneous to the investigation. Moreover, even with tightly controlled growth conditions, it may be necessary to pool samples to reduce biological variation (Sumner et al., 2003) .
Second, stringent control of sample preparation, NMR data collection and spectrum processing are all essential if the benefits of the fingerprinting approach are to be maximized (Lommen et al., 1998; Defernez and Colquhoun, 2003; Ott et al., 2003; Ward et al., 2003) . Operationally the key objectives are (i) to maximize the reproducibility of NMR data collection and (ii) to minimize misalignment of the NMR signals before embarking on the statistical analysis (Defernez and Colquhoun, 2003) . Ideally, two replicate samples would generate two identical NMR fingerprints, but, in practice, there will be discrepancies in lineshape and chemical shift, both of which will hinder the classification of the spectra as identical. Changes in lineshape can be minimized by using exactly the same sample volume and by optimizing the magnetic field homogeneity before data acquisition. This should be sufficient to generate reproducible lineshapes, but if not then the lineshapes can be manipulated during processing, for example, by varying the linebroadening parameter to ensure that the processed linewidth for a particular signal is the same in every spectrum (Lommen et al., 1998) . Changes in chemical shift can also be problematic and the negative impact of such changes on a principal components analysis has been demonstrated (Defernez and Colquhoun, 2003) . Careful sample preparation, with precise control of the pH, and precise temperature control during the acquisition of the spectrum should ensure that most signals occur at exactly the same chemical shift. However, differences in ionic strength and specific Fig. 3 . Comparison between a region of the one-dimensional 1 H NMR spectrum of an extract obtained from a transgenic tomato (Lycopersicon esculentum) fruit and the loading for a partial least squares (PLS) score derived from a multivariate analysis of the spectra of control and transgenic tomatoes at three stages of development. This particular PLS score discriminated between control and transgenic tomatoes, and the positive and negative loadings indicate the signals that tended to be higher in the transgenic and control fruits, respectively. Adapted from Le Gall et al. (2003) with the permission of the American Chemical Society.
interactions between components in the sample may lead to discrepancies in peak position and these can only be corrected by aligning regions of the spectra before the statistical analysis (Defernez and Colquhoun, 2003) .
Third, several of these investigations have provided the strongest possible argument for NMR fingerprinting by generating interesting biological insights into the systems that have been analysed. For example, investigations of transgenic plant material have highlighted the potential value of NMR fingerprinting as a tool for investigating the substantial equivalence of conventional and engineered crop plants (Noteborn et al., 2000; Le Gall et al., 2003; Charlton et al., 2004) . Thus in one study of transgenic tomatoes only minimal compositional differences were found between isogenic transgenic and wild-type lines after allowing for the substantial variation caused by external factors (Noteborn et al., 2000) ; while in a second study of a line that had been modified to increase the flavonol content, statistically significant changes in metabolites, other than those that had been deliberately increased, were found to be minor and within the variation that would be observed in a field-grown crop (Le Gall et al., 2003) . Interestingly, in a recent study of the differences in composition between wild-type and transgenic pea lines, the wild-type material showed greater variation, and a detailed analysis of this effect led to the conclusion that it was caused by the transformation process selecting for a subset of individuals rather than by the transgene itself (Charlton et al., 2004) .
Biological insights have also been forthcoming from fingerprinting analyses of abiotic stress. For example, in a study of cadmium toxicity (Bailey et al., 2003) , principal components analysis of the 1 H NMR spectra showed clear discrimination between control plants and plants exposed to cadmium, and the loadings plot for the first principal component was dominated by changes in a handful of signals that could be readily assigned to particular metabolites. Clearly the next step will be to use this information to test hypotheses about the metabolic response to cadmium but this was beyond the scope of the fingerprinting study. Finally, in an impressive investigation of herbicide action, NMR fingerprints of maize seedlings were used as the input for a neural network analysis (Ott et al., 2003) . This led to a robust method for discriminating between 19 modes of action and it was argued that it was sufficiently reliable to be a useful tool in the discovery of bioactive compounds with novel modes of action.
Metabolite profiling of plant tissues using NMR Although multivariate analysis of 1 H NMR spectra from samples of plant origin is a relatively recent development, NMR spectroscopy has been used as an analytical tool to identify the metabolites in such samples for many years (Fan, 1996) . In fact, using multivariate analysis as a tool to identify the interesting features of a spectrum prior to embarking on an assignment exercise provides an efficient way to explore the plant metabolome, and it is likely to become a standard procedure in investigations that proceed beyond the discrimination step in a fingerprinting exercise (Le Gall et al., 2003 , 2004 . However, profiling applications of NMR in plant tissues have usually focused immediately on the identification of particular metabolites, and so the techniques that have been developed to extract useful analytical information from the spectra of complex mixtures have been developed from a purely analytical perspective (Fan, 1996) . 1 H NMR spectroscopy is the most commonly used form of NMR for metabolite identification, and in some early profiling experiments on plant tissues this technique was applied in vivo (Fan et al., 1986a (Fan et al., , b, 1988 . This allowed the metabolic response of the tissues to anoxia to be monitored directly, and it was also possible to deduce information about the subcellular distribution of a limited number of metabolites. However, the poorer resolution of the in vivo spectra made the assignment problem more difficult, both by increasing overlap and by masking the characteristic splitting of spin-coupled resonances, and it was concluded that a more detailed profile of the metabolic composition of the tissue could only be obtained by working with tissue extracts. The narrower lines in the extract spectra made it easier to implement two dimensional NMR techniques, allowing assignments to be made on the basis of correlations between signals in different regions of the spectrum. This increased the number of metabolites that could be identified in the extract, and it also increased the number of assignments that could be made retrospectively in vivo. Thus the conclusion from this early work was that quantitative information on around 20 metabolites could be easily obtained from unfractionated extracts of plant tissues and that the key to maximizing this number was to use twodimensional spectroscopy (Fan, 1996) .
Analysing the metabolic composition of a tissue with 1 H NMR spectroscopy has several advantages: only a crude extract, and therefore minimal sample preparation, is required; a wide range of compounds can be analysed, providing definitive structural information with no restrictions relating to volatility, polarity or the presence of specific chromophores; the method is non-destructive, permitting subsequent analysis by other methods; and the method can be applied with little prior knowledge of the composition of the sample (Fan, 1996) . Despite these advantages, and in contrast to the biomedical field, there have been relatively few applications of the heteronuclear ( 1 H-13 C) correlations, were complemented by GC-MS, to identify the presence of components present at low concentration, and by high resolution MS spectrometry, for accurate molecular mass measurements. This combination of techniques showed clear differences between the exudates of different species and genotypes, and it was also possible to monitor changes in the composition of the exudates brought about by iron deficiency (Fan et al., 1997 (Fan et al., , 2001 .
Fruit juices have been the other main target for compositional analysis of unfractionated samples from plant material and a recent study of tomato juice provides a representative example (Sobolev et al., 2003) . A comprehensive analysis of the spectra, again using a full range of two-dimensional NMR techniques, led to the assignment of more than 90 signals from 19 metabolites, and the spectra were then used for a comparison between two tomato cultivars. In a similar study of transgenic tomato lines, NMR analysis of extracts prepared from freeze-dried fruits led to the identification of more than 40 compounds and this formed the basis for a quantiative analysis of the unintended metabolic consequences of the transformation (Le Gall et al., 2003) .
It is notable that in almost all these profiling investigations the emphasis has been on determining composition and relating it to the classification of the samples into different groups, rather than on testing hypotheses about the control and regulation of metabolic processes. Thus, in contrast to metabolite profiling by GC-MS, where one of the objectives is to use the data to further understanding of intermediary metabolism and its manipulation (RoessnerTunali et al., 2003) , the data from 1 H NMR analyses have been used almost exclusively for analytical and screening purposes.
While one of the advantages of NMR as a metabolite profiling technique is that informative spectra can be recorded from crude extracts, it is also possible to use inline separation techniques to simplify the analysis. This approach has had a major impact on the use of NMR for metabolic analysis in the biomedical field (Lindon et al., 1996) , and the use of LC-NMR is now well established as a technique for phytochemical analysis (Bringmann et al., 1998; Exarchou et al., 2003) . LC-NMR eliminates the need to purify a compound before analysis, and the NMR spectra can either be recorded in continuous flow or stopped flow mode, the latter involving so-called peak parking in which fractions from the column are diverted to a storage loop while a spectrum of sufficient quality is recorded from the fraction that is already in the NMR magnet. A further elaboration of this scheme is to split the output from the HPLC column into two pathways, one destined for NMR analysis and the other for MS. This powerful combination has been used to investigate xenobiotic metabolism in plants (Bailey et al., 2000a, b) and to identify natural products in plant extracts (Exarchou et al., 2003) . In the latter study, sensitivity was further increased by using a solid phase extraction (SPE) step between the HPLC column and the NMR spectrometer, and a cryogenic probe to detect the NMR signals. The SPE cartridge serves to concentrate the sample and it also avoids the use of large volumes of expensive deuterated solvents for the LC separation, since it is only necessary to use a deuterated solvent, which is required for the 1 H NMR analysis, to elute the sample from the cartridge.
In principle, these so-called hyphenated NMR techniques have the potential to increase the number of metabolites that can be identified in 1 H NMR fingerprints of crude extracts. However, techniques such as LC-UV-SPE-NMR-MS (Exarchou et al., 2003) are mainly used in the realm of natural products research and xenobiotic metabolism, and they have yet to be combined with the fingerprinting approach described in the preceding section. It seems likely that it will only be possible to obtain a true measure of the fraction of the plant metabolome that can be analysed by NMR when fractionation of tissue extracts becomes a routine tool for the assignment of the spectra used in fingerprinting analysis.
Concluding remarks
Although compromised to some extent by its sensitivity, 1 H NMR spectroscopy is an effective technique for both metabolite fingerprinting and metabolite profiling applications in samples of plant origin. These analyses have the potential to complement high-throughput system-wide analyses by MS, and the application of coupled techniques that allow parallel MS and NMR analyses on the same sample would seem to be an ideal way to increase the fraction of the metabolome that can be revealed by routine analysis. Curiously, the two factors that have driven the recent growth in metabolomics, the need for more comprehensive analyses to underpin our understanding of the metabolic network and the possibility of using metabolic phenotypes based on composition to uncover gene function, have yet to be greatly advanced by either the NMR or MS approaches to system-wide metabolite analysis. In this regard it is notable that the potentially powerful strategy of using metabolome data to reveal the phenotype of silent mutations exploited metabolite fingerprints based on 1 H NMR analysis (Raamsdonk et al., 2001) . The original demonstration of this method was in yeast and it is disappointing that it has apparently not yet been applied successfully to plants. 
